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Object Detection Method of Attention Superposition
and Temporal Feature Fusion

WU Yuze, NIE Zhuoyun, ZHOU Changxin

(College of Information Science and Engineering, Huaqiao University, Xiamen 361021, China)

Abstract; An object detection method of attention superposition and temporal feature fusion is proposed.
Based on the end-to-end object detection (DETR) network, attention weight superposition is used to extract
the object pixel-level identification for the division of the instance trajectory according to the characteristics of
the attention mechanism. In order to cooperate the object detection and trajectory tracking, the previous track
tracking information is fused by the temporal feature fusion to adjust the effect of current frame object detec-
tion, so as to make full use of the temporal dimension information provided by the video carrier. The proposed
method is experimentally tested on the public data set. The results show that the method in this paper can ef-
fectively detect the blocked object and has stronger robustness.
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Tab.1 Target detection accuracy dates of improving before and after

7 I 7 AP(Car)/% AP(Pedestrian) /% AP(Cyclist) /%

3 2% 83 82 72

0.4~0.5
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3 R 2% 82 80 69
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3CH R 2% 77 77 64

0.6~0.7
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v 2% 72 74 60

0.7~0.8
DETR W % 50 69 53
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Tab.2 Comparison of average accuracy in different detection network with different occlusion proportions
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